Online Tutorial: https://ccms-ucsd.github.io/GNPSDocumentation/gcanalysis/ 126 127 Abstract: Gas chromatography-mass spectrometry (GC-MS) represents an analytical 128 technique with significant practical societal impact. Spectral deconvolution is an essential 129 step for interpreting GC-MS data. No public GC-MS repositories that also enable repository-130 scale analysis exist, in part because deconvolution requires significant user input. We 131 therefore engineered a scalable machine learning workflow for the Global Natural Product 132
Social Molecular Networking (GNPS) analysis platform to enable the mass spectrometry 133 community to store, process, share, annotate, compare, and perform molecular networking of 134 GC-MS data. The workflow performs auto-deconvolution of compound fragmentation patterns 135 via unsupervised non-negative matrix factorization, using a Fast Fourier Transform-based 136 strategy to overcome scalability limitations. We introduce a "balance score" that quantifies the 137 reproducibility of fragmentation patterns across all samples. We demonstrate the utility of the 138 platform with breathomics analysis applied to the early detection of oesophago-gastric 139 cancer, and by creating the first molecular spatial map of the human volatilome. 140 141 142
Introduction: 143 Electron ionization gas chromatography-mass spectrometry (GC-MS) is widely used 144 in numerous analytical applications with profound societal impact, including screening for 145 inborn errors of metabolism, toxicological profiling in humans and animals, basic science 146 investigations into biochemical pathways and metabolic flux, understanding of 147 chemoattraction, doping investigations, forensics, food science, chemical ecology, ocean and 148 air quality monitoring, and many routine laboratory tests including cholesterol 1 , vitamin D 2 149 and lipid levels 3 . GC-MS is widely adopted because of its key advantages, including low 150 operational cost, excellent chromatographic resolution, reproducibility and ease of use. 151
In GC-MS, the predominant ionization technique is electron ionization (EI), in which all 152 compounds that elute from the chromatography column are ionized by high energy (70eV) 153 electrons in a highly reproducible fashion to yield a combination of fragment ions. Because 154 fragmentation occurs simultaneously with ionization, an essential computational step in the 155 analysis of all GC-MS data is the "spectral deconvolution" -the process of separating 156 fragmentation ion patterns for each eluting molecule into a composite mass spectrum 4 . The 157 deconvolution is particularly computationally challenging for complex biological systems 158
where co-elution of compounds is inevitable as raw GC-MS data consist of mass spectra 159 originating from hundreds-to-thousands of molecules. 160
Annotation of GC-MS data is achieved by matching the deconvoluted fragmentation 161 spectra against reference spectral libraries of known molecules. The 70eV energy for ionizing 162 electrons in GC-MS was set as the standard early, making it possible to use decades-old EI 163 reference spectra for annotation 5,6 and compare EI data across instruments. There are now 164 ~1.2 million reference spectra, accumulated and curated over a period of >50 years, that are 165 commercially or publicly available for the annotation of GC-MS data 6,7 . To date, many 166 analytical tools and several repositories for GC-MS data have been introduced 5,8-16 . Despite 167 these developments, much GC-MS data processing is restricted to vendor-specific formats 168 and software (e.g. VocBinBase 15 uses Leco ChromaTOF data). Moreover, the deconvolution 169 requires multiple parameters to be set by the user or manual peak integration. Further, none 170 of the tools are integrated into a mass spectrometry/metabolomics public data repository that 171 retains every setting and result of an analysis job, features that are vital for reproducibility of 172 data processing. A public informatics resource that can not only be integrated with a public 173 repository, but also perform GC-MS deconvolution, alignment, and mass spectral library 174 matching for large numbers (>100) of data files is needed. Technical reasons, such as the 175 lack of a shared and uniform data format, often preclude GC-MS data comparison between 176 different laboratories and prevents taking advantage of repository-scale information and 177 community knowledge about the data. This, coupled to a lack of incentive to deposit data into 178 public domain, leads to GC-MS datasets being infrequently shared and rarely reused across 179 studies and/or biological systems 15,17-21 . 180
One of the developments that enabled finding additional structural relationships within 181 mass spectrometry data is spectral alignment, which forms the basis for molecular 182 networking [22] [23] [24] [25] [26] an algorithmic learning strategy for deconvolution of entire datasets (Figure 1a-f ). We 196 deployed this functionality within GNPS/MassIVE 29 (Figure 1f -i). To promote analysis 197 reproducibility, all GNPS jobs performed are retained in the "My User" space and can be 198 shared as hyperlinks in collaborations or publications. 199
Classically, when performing spectral deconvolution of GC-MS data, the user defines 200 parameters specific to their data to the best of their abilities. The user must therefore have a 201 thorough understanding of the characteristics (i.e., peak shape, peak width, resolution etc.) of 202 the particular GC-MS data set before spectral deconvolution. In our approach, the 203 parameters for spectral deconvolution (m/z drift of the ions, peak shape -slopes of raising 204 and trailing edges, peak shifts, and noise/intensity threshold) are auto-estimated. This user-205 independent 'automatic' parameter optimization is accomplished via fast Fourier 206 transformation, multiplication, and inverse Fourier transformation for each ion across entire 207 data sets, followed by an unsupervised matrix factorization (one layer neural network): 208
Figure 1a-e. Then, the compositional consistency of spectral patterns, for each spectral 209 feature deconvoluted across the entire data set, can be summarized as a parameter that we 210
termed "balance score". The balance score (definition is described in the Methods) gives 211 insight into how well the spectral feature is explained across the entire data set: when high, 212
the spectrum is consistent across different samples. Even when a compound is present in 213 only a few samples in the dataset, as long as the spectral patterns are highly conserved 214 across samples (e.g. not contaminated by spurious noise peaks), it would result in a high 215 balance score. Balance score thus allows discarding low-quality spectra that are more likely 216
to be noise, and provides an orthogonal metric to matching scores when searching spectral 217 libraries. We refer to the dataset-based spectral deconvolution tool within the GNPS 218 environment as "MSHub". MSHub converts raw GC-MS data of any kind (e.g. Table S1 ) into 219 spectral patterns, enabling molecular networking within GNPS. 220 221 222 
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All MSHub algorithms operate iteratively for enhanced scalability, using high-237
performance HDF5 technologies saving settings for each analysis step. The Fourier 238 transform step with multiplication dramatically improves MSHub's efficiency, resulting in 239 deconvolution times that scale linearly rather than exponentially with the number of files 240 (Figure 2a, S2) . The GNPS GC-MS workflow can process thousands of files in hours ( Figure  241 2a), which is faster than data acquisition, making data processing no longer a bottleneck. We 242 achieved this performance using out-of-core processing, a technique used to process data 243 that are too large to fit in a computer's main memory (RAM): MSHub uploads files one at a 244 time into the specific RAM module, data are then processed and deleted from memory, 245
iteratively. Figure 2a illustrates the linear dependency between the number of samples 246 processed and the processing time. Because only one sample is stored in memory at any 247
given time, the workflow memory load is constant. Spectral deconvolution scales linearly 248 because each step in the processing pipeline is linear with respect to time (Figure S2a-f) , 249 taking ~1 min per file ( Figure S1 ). The machine learning approaches gain improved 250 performance with increasing amounts of data, which means that increasing dataset size 251 would boost learning each spectral pattern. Indeed, larger volume of analyzed data leads to 252 better scores of spectral matches for the known compounds in derivatized blood serum 253 samples that were spiked with 37 fatty acid methyl esters (FAMEs) and 17 long-chain 254 hydrocarbons (Figure 2b, c) . Cosine and balance score can be jointly used as filters for 255 processing the final results (Figure 2d-f ). In the analysis of biological samples, similar trends 256 are found as for the reference dataset: the spectral matching scores against the library 257 increase with increasing number of processed files while their distributions become narrower, 258 a reflection that more data leads to better quality of results (Figure 2g, h) . When there are 259 more files deconvoluted, MSHub is leveraged to reduce chimeric spectra and discover more 260 real spectral features, which leads to higher quality spectra and a rise in the number of 261 unique annotations with greater match scores (Figure 2i, j , Figure 2k,l) . 270
Spectral deconvolution using MSHub in GNPS generates an .mgf file that contains 271 deconvoluted spectra with aligned retention times and a feature table of peak areas of  272 features across all files. This generated .mgf spectral deconvolution summary file is used for 273 searching against spectral libraries and for molecular networking. GNPS saves this 274 information, so the deconvolution step does not need to be re-performed for any future 275
analyses. The output results can be downloaded and explored using many external tools, 276 e.g. MetExpert 34 . 277 278 Table S1 ). i) Heat map of the number of unique annotations (top hit only) for the data across datasets 290 ICL1-ICL11 in Table S1 and j) datasets UCD1-UCD16 in Table S1 ; no balance score filtering No matter how the spectral library is searched in GC-MS, due to the absence of a 311 parent mass, a list of spectral matches is more likely contain mis-annotations, both related 312 (isomers, isobars) or less frequent, entirely unrelated compounds 5 . However to spot 313 misassignments at the molecular family level, we propose to explore deconvoluted GC-MS 314 data via molecular networking, a strategy that has been effective for LC-MS/MS data. In the 315 case of EI, unlike in LC-MS/MS where the precursor ion mass is known, the molecular ion is 316 often absent. For this reason, the molecular networks are created through spectral similarity 317 of the deconvoluted fragmentation spectrum without considering the molecular ion. For GC-318 MS data that do have a molecular ion or precursor ion mass, e.g. from chemical ionization 319 (CI) or with MS/MS spectra, the feature-based molecular networking workflows should be 320 used 29, 41 . We explored clustering patterns for the EI data ( Figure S4) and observed that the 321 EI-based cosine similarity networks are predominantly driven by structural similarity (Figure  322 S4a) 35 . These EI networks can be used to visualize chemical distributions and guide 323 annotations (Figure S5) . Networking enables data co-and re-analysis, as it is agnostic to the 324 data origin once the features are deconvoluted. To demonstrate this, we have built a global 325 network of various public GC-MS datasets deposited on GNPS (38 datasets comprising  326 ~8,500 GC-MS files, Figure 3c ). These data encompass various types of samples, modes of 327 sample introduction etc. and thus the global network is a snapshot of all chemistries 328 detectable by GC-MS (Figure 3c-e, S6) . Prior to networking, we applied a balance score of 329 65%, which allowed us to remove a bulk of spurious low quality matches (Figure 3 a,b) . The 330
balance score filter ensures that the best-explained deconvoluted features are matched 331
against the reference library. The annotation is usually done by ranking potential matches 332 according to a similarity measure (forward match, reverse match, and probability 42,43 ) and 333 when possible, filtering by retention index then reporting the top match. Molecular networking 334
can further guide the annotation at the family level by utilizing information from connected 335 nodes (Figure S5 ) rather than focusing on individual annotations 44 . The global network can 336 be colored by metadata such as sample type (Figure 3c) , derivatized vs. non-derivatized, 337 instrument type or other metadata (Figure S6) to reveal interpretable patterns. When coloring 338 the data by sample type, for example, a cluster of nitrogen-containing heterocyclic 339
compounds was observed to be unique to dart frogs from Dendrobatoidea superfamily 340 (Figure 3e) , while the long-chain ketones occur in cheese and beer (Figure S7) . To highlight 341 the broader utility of GNPS GC-MS and GC-MS based molecular networking, 6 supplemental 342 videos were created that carry the user through how to navigate and perform analysis with 343 the tools (Supporting Videos 1-6) . 344 
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The output from GNPS deconvolution, annotations, and molecular network analysis 357 can be exported for use in a statistical analysis environment such as Qiime 4748 , Qiita 49 , or 358
MetaboAnalyst 50,51 , or for data visualization in tools such as Cytoscape 52 or Gephi 53 (e.g. S4-S7, Figure 3, 4e-g) , or for molecular cartography in 'ili 54 360 (Figure 4 a-d) . To demonstrate how to use GNPS GC-MS for the latter, we collected 361 samples from 52 body locations from one person using a sampling patch that absorbs 362 volatiles (Figure 4 a-d) . These samples were subjected to headspace desorption followed by 363 GC-MS, deconvoluted and annotated using the GNPS GC-MS pipeline. The abundances 364 from the deconvoluted spectra are superimposed onto a 3D model of a human (Figure 4 a-365  d) . Using balance filters at 50% and >0.9 cosine, we arrived at annotations that, once 366 visualized, revealed the distributions of skin volatiles. For example, squalene was found on 367 all locations, but less on the feet. Hexanoic acid was most abundant on the chest and 368 armpits. Globulol, an ingredient of the personal care product this individual used on the chest, 369
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was most intense on the chest, while phenylenedibenzoate, a skincare ingredient, was found 370 on the face and hands. 371 We also conducted two studies (Study 1: n=631 samples and Study 2: n=219 372 samples, respectively) on breath analysis associated with oesophageal and gastric cancers 373 (OGC, Figure 4 e-g) . In breath, biological signatures are usually obscured by intra-and inter-374 subject variability, experimental conditions, e.g. ambient air quality, different diets etc. 375
Biologically relevant compounds are often present at low abundances. Both studies predicted 376 OGC (inset in Figure 4e ). The next important step is to consider features that are the most 377 discriminant between categories of interest (OGC vs. control) to investigate whether their 378 chemical identity can be linked to a plausible biological rationale. However, even though 379
OGC prediction was achieved in each study, the "OGC signatures" do not appear to overlap 380 between the two studies, which is very typical for breath analysis field in general 55-58 . As 381 molecular networking organizes chemically similar compounds into clusters, it facilitates 382 recognition of patterns at a chemical family level. Exploring the two studies as a single 383 network revealed an increase of related but not identical medium/long chain alcohols, 384
aldehydes and hydrocarbons (Figure 4 e-g) . Only a handful of these compounds appeared 385
as top discriminating features in either study. Aldehydes are known to be found 386 endogenously, mostly due to lipid peroxidation, and have been proposed as potential 387 biomarkers in exhaled breath in several different types of cancer including lung 59-62 , breast 63 
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Discussion: 420 GNPS provides a platform for data sharing and accumulation of public knowledge. 421
Community adoption of GNPS has sharply increased the volume of MS data in the public 422 domain 7 . It has also spurred new tools development (MASST 75 , FBMN 41 , ReDU 76 ) and 423 enabled many biological discoveries. Due to the fundamental differences between CID and 424 EI fragmentation, the GNPS infrastructure could not previously support the analysis of EI 425
data. Adopting existing solutions for deconvolution was not possible as all of them required 426 too much manual input from the user and could not operate at repository scale. Here we 427
used an unsupervised non-negative matrix factorization and a Fast Fourier Transform-based 428 approach to scale the deconvolution step. Such strategies are most effective when large-429 scale datasets become available, as features can be extracted with increasing quality of 430 fragmentation patterns, as defined by the balance score. Currently, all 1D EI GC-MS data are 431 amenable and we will extend the same approach to 2D GC-MS data. 432
These features can then be subjected to EI-based molecular networking. The 433 algorithm for molecular networking within GNPS had to be modified to accommodate EI data 434
to function without molecular ion information and can reinforce candidate annotations to level 435 3 by assessing if the annotations are similar at the family level and if annotations share 436 chemical class terms. Such analysis can now be achieved with the data at repository scale, 437 enabling co-and re-analysis of GC-MS data. Here we show how the co-analysis could be 438 beneficial for two cancer breathomics data sets, but in the same fashion other breathomics 439 (or other volatilome) data can now be co-analyzed with these datasets as long as they are 440 publicly available in an open file format. Co-analyzing multiple disparate GC-MS studies 441 would be challenging otherwise. Further, when considering GC-MS data as networks, in 442 addition to conventional statistical approaches, strategies such as networks on graphs 77 443 could be deployed to investigate global biochemical patterns rather than differences in 444 individual compounds. The networks, in principle, are not limited to any one kind of data and 445
can be extended to any number or type of datasets as shown in Figure 3c . 446 Surprisingly, although GC-MS is the oldest and most established of MS-based 447 methods, and the sheer volume of existing EI reference data accumulated over decades (far 448 exceeding that for any other kind of MS), researchers still use decades-old data analysis 449 strategies. We anticipate that the new GNPS community infrastructure will incentivize moving 450 raw EI data into the public domain for data reuse, comparable to the trajectory for tandem
